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Research on failure mode prediction of rectangular reinforced

concrete columns based on machine learning
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Xi'an 710055, Shaanxi, China)

Abstract: Aiming at the problems of poor recognition effect and strong data dependence in
traditional analysis methods, a database of rectangular reinforced concrete columns was
established based on existing test data. The machine learning algorithms such as K-nearest

neighbor, random forest, support vector machine, gradient boosting decision tree and deep neural
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network were applied to realize the effective recognition and prediction of failure modes for
rectangular columns. By leveraging the powerful self-learning and self-adaptive ability of machine
learning, the failure mode of rectangular reinforced concrete columns was accurately predicted,
providing a basis for for the maintenance, reinforcement and damage assessment of post-
earthquake structures. The results show that machine learning has a good recognition effect on
bending failure. The accuracy and regression rate of random forest and gradient boosting decision
tree are both up to 100%, and they can be used to accurately predict the bending failure mode of
rectangular columns. The recognition effect of machine learning technology on shear failure is not
significantly different, with an accuracy rate of 66. 67%. The regression rates of the K-nearest
neighbor, support vector machine, and gradient boosting decision tree are the highest, reaching
100%. For bending-shear failure mode. the accuracy of random forest and gradient boosting
decision tree is the highest, reaching 83. 33% , while the prediction effect of the support vector
machine is poor.

Key words: reinforced concrete; rectangular column; machine learning; failure mode prediction;
experimental data
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Fig. 1 Distribution of design variables in database of rectangular section columns

doy = [ D (i —y)* 7 = [(a— @ —"]7
i=1
[@D)

dan = 2 | — i | (2)
e My T BT R S REA AR 550 R REA
AU i =1,2,3, 0,

R KNN3 TR AT RS S 3 20 - BB B
AR R sy 2. KNN B A & 5, 5 3 5 52 9
FTHTA TS E T INRSF IR AEX TREA 7 A
AN I, R X RO ) 7 A R A 2
2.2 FEALFRM

BEHLARAR TR — iy 24> e SR W 4 B AR AR
AT e 26 25 2R 10 05 3, e vp A — R DR S R A

Ko BEHLARMBE LR ISR 4 PR . BEDLARME
ERARD P A — P IR A PR L 5 PR AR
857 — A0 vh DR SR ) 23 A5 RO B . A pRSR
(ERibRelFEIgTy o

DB AR A B 56 O QA I IR] 4 i BIL A 1
e A A R BRI ZREE

(DB MHE—REA ABEAH m A A& B
BLHBIN e ASHEAE AP B 0 ASHFAE T4 . SRR K »
AR T B DI A 23 IR A 0 21T R

R 2% Al P A — A BE BIL Y A 0 2R SRR Dt 3 00 )
BURFAE A 45 538 L F T A4S TN F b i S 8 AR AR 5
Tt e 9 TN A BV A Bt BIL R PR Rk 14 e 25 T
SR . REALARMROT L 5 A — DR SRR ik 114 e K X
T2 o A BEAL AR P A PR ORI R A A i



52 EHAFE TRPR 2025 4
w h i 5 P H/h NI(fA) *E?é%i%ﬁ
R g =
h 8 2 m .27 A 0.058 EE(¥
A 0.14
+ B 015 .
2 0.4
. _0.2
N 039 027 0.16 0.31 0.57
p 0.3 0.00092 0.038 0.026 0.025
p, 0076 E 0.19 | 012 EEBEN 0.11
H/h 018 0.058 031 0.15 031 = 0.026
o G I
B2 EREEESEERRITEENHEXERE
Fig. 2 Correlation heatmaps of design variables in database of rectangular section columns
0.9 < 0.55
. B EH : sl cDamx
0.6 s o op o 3 Bl EN
S r s « 035 $8"s
g ] ° [ ] . Q S % o~
= °8 ° L] PN | Q0.25 ‘ °
0.3 = ..o 0 o0 o ° L : bt ' . l
L] L[]
. % $ 0.15 T | ' .
HE R . e °3 .
% 0 2 ® @ [ ] ° °
0 . S L ; 0.05 e L L . 0
0.86 2.58 4.30 6.02 7.74 0.86 2.58 4.30 6.02 7.74 0.86 2.58 4.30 6.02 7.74
Hlh H/h Hih
(a) H/WSNI/(f.A) (b) HIh5 pf/f. (c) HIWS p f,Jf.
0.8 ‘ 5.61 ® 5 i IR
0.6 o B R 4.2f 8 ELEN
2 °
2 0.4 1‘5_ ] e %2.8 "“ ety
< %} o8 L s Q o® , o \% °
0.242, J? ... . ote © 14¢ & » $o“ [/ :
PEELT AP O
0 03 0.6 0.9 0 0.3 0.6 0.9 0.1 02 03 04 05 0.6
N/(f.A) NI(fA4) p 1/t
@ N(ASE pfJf. (e) NIfAS p.ff. ® oIS o LS
3 ERBEHEBEEPREITTENHEXRE

Fig. 3 Scatterplot of design variables in database of rectangular section columns
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Fig.7 Prediction results of RC rectangular column damage patterns by different machine learning algorithms
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